The relationship between social network sites and social capital has received much research attention. However, two research gaps can be identified in the existing literature. First, only few studies have examined online social capital as a resource in online social networks. In this regard, it is not clear how to validly measure online social capital. Second, while the factors influencing social capital, among them properties of an individual's social network, have been investigated in offline settings, such factors have not yet been investigated in terms of online social capital. Addressing these gaps, we asked 1000 Facebook users to provide information on their Facebook usage and online friendship network. Employing structural equation modelling for analysing the survey data, we show that Williams' Internet Social Capital Scales, which are commonly used to assess social capital in offline settings, can be used to validly measure online social capital. Moreover, we find that some of the variables influencing offline social capital, among them similarity in terms of sociodemographic attributes, seem less important in an online setting.
online as well as offline contexts, the ISCS have mostly been applied to investigate offline social capital. In fact, they are the predominantly-used survey tool in studies examining the influence of the use of SNS on social capital in localised offline settings (Burke, Kraut, & Marlow, 2011; Burke, Marlow, & Lento, 2010; Ellison, Steinfield, & Lampe, 2007; Steinfield, Ellison, & Lampe, 2008; Yoder & Stutzman, 2011) , e.g., campus life. Hence, it remains unclear whether Williams' ISCS can actually be applied for validly measuring online social capital.
Furthermore, a gap exists regarding the antecedents of online social capital. It is not clear how different attributes of our online friendship network, e.g., on Facebook, relate to the formation of bonding and bridging social capital in this online setting. While the connections may mirror the ones of our offline network, SNS enable different and more varied means of communication, e.g., for maintaining weaker connections with acquaintances. Moreover, we are confronted with various information about our friends' friends, which may lead to the conversion of "latent" connections into explicit linkages (e.g., Ellison, Steinfield, & Lampe, 2011) . Besides testing the validity of Williams' ISCS in terms of assessing online social capital, our article hence focuses on the following research question: What are the factors that influence online social capital?
To answer our research question, a sample of 1000 Facebook users was retrieved from the online panel of the Gesellschaft für Konsumforschung (GfK, Germany's largest market research institute). In an online survey, we collected information on the survey participants' Facebook usage, network structure, network ties, and network friends. In addition, the participants were required to give us access to their Facebook data, including information on their own gender and age as well as the number of Facebook friends, by installing a Facebook application.
Employing structural equation modelling for analysing the survey data, we found that Williams' ISCS can be used to validly measure online social capital. Moreover, our analysis indicates some of the variables influencing offline social capital, among them similarity in terms of sociodemographic attributes, to be less important in an online setting.
With this article, we contribute to online social media research by validating the ISCS in an online setting and identifying a set of factors influencing online social capital. Our study design addresses further methodological shortcomings of the existing literature. Firstly, as compared to previous investigations (Burke et al., 2010; Ellison, Lampe, Steinfield, & Vitak, 2010; Steinfield et al., 2008 ) that relied on samples of university students, our study uses a more diverse and hence more representative selection. Secondly, other researchers (e.g., Ellison et al., 2007) employed reduced variants of the bonding and bridging social capital scales, while we apply the full 20 questions from Williams' original ISCS. Thirdly, our structural equation model combines aspects of both confirmatory factor analysis and regression analysis. Doing so leads to more accurate results concerning online social capital and the variables affecting it as compared to previous studies that rely on a two-step approach to investigate the influence of online social networks on (offline) social capital.
The remainder of the article is structured as follows. After discussing the theoretical background concerning the concept of social capital, we present related work on the relationships between SNS and social capital. Based on this foundation, we develop our research model, describe how the data were collected and analysed, and discuss our findings. The article closes with concluding remarks, pointing to areas of our future research.
highest accessed prestige, range in accessed prestige as well as the number of different positions accessed.
 When using the resource generator, the respondent's access to social resources is checked against a list of useful and concrete resources (Van Der Gaag & Webber, 2008) . Afterwards, the respondent provides information on relationships to people having these resources (family members, friends, and acquaintances).
Focussing on the measurement of bridging and bonding social capital, the ISCS (Williams, 2006) can be applied to online as well as offline contexts. The measurement tool consists of a bridging and a bonding social capital sub-scale based on the criteria for the two social capital types (Putnam et al., 1994) . Williams' ISCS are the predominantly-used survey tool in studies examining the influence of the use of SNS on social capital in localised offline settings (Burke et al., 2011 (Burke et al., , 2010 Ellison et al., 2007; Steinfield et al., 2008; Yoder & Stutzman, 2011) .
In this article, we do not aim to identify specific types of social resources, e.g., informational or emotional support. Rather, this article analyses whether Williams' ISCS can be used to validly measure the bonding and bridging social capital carried by online social networks. It further investigates the aspects of the online social network (as well as the individual attributes of the user) that influence the amount of bonding and bridging social capital attained. The focus of our research is depicted in Figure 1 . 
Social Network Sites and Social Capital
More than fifteen years ago, researchers were wondering whether or not "cybernetworks carry social capital" (Lin, 2001b, p. 214) . It was suggested that the connections in the virtual world could lead to a rise of social capital due to the improved access to information for everyone (in theory, at least), as well as due to the increased ability of people to connect with fewer time and space constraints. Since these expectations were formulated in 2001, there has been a debate among scholars on how online interactions influence social capital. Summarising the body of literature on the subject, three major directions can be identified (Ellison et al., 2010) .
1. Internet use allows people to generate new social capital, e.g., by triggering interactions with previously-unknown people.
predictable by the extent to which the internal SNS is used to connect with existing contacts (Steinfield et al., 2009) . Bonding social capital turned out to be lower if the site is highly used to connect with new contacts.
With respect to bridging social capital, the literature agrees that Facebook use has a positive impact on the formation and enhancement of this kind of social capital, e.g., by allowing contact maintenance with a larger and more diverse group of acquaintances (Young, 2011) . A strong association between Facebook usage intensity and bridging social capital could be identified (Ellison et al., 2007) . The results of this cross-sectional study were confirmed by a follow-up project using longitudinal data (Steinfield et al., 2008) , in other cross-sectional studies using student samples (Kwon et al., 2013; Vitak et al., 2011) as well as by a study in a corporate setting (Steinfield et al., 2009 ). Due to the identity information provided on a user's profile page, Facebook may be able to connect users with shared interests and encourage the conversion of latent ties into weak ties, which in turn increases bridging social capital . Specifically, perceived bridging social capital appeared to be related to the number of Facebook friends (Burke et al., 2010) . However, later empirical studies have shown that the total number of friends on Facebook does not predict bridging social capital, whereas the number of Facebook friends considered "actual" friends does . In this regard, it is not enough to simply add connections; rather, it is necessary to engage in so-called Facebook relationship maintenance behaviours, i.e., activities that signal attention, create expectations of reciprocal attention or build trust (Brooks et al., 2014; Ellison et al., 2014) . Furthermore, changes in particular communication elements on Facebook, such as the increased use of wall posts (Lee, Kim, & Ahn, 2014; Yoder & Stutzman, 2011) and more frequent receipt of messages from friends (Burke et al., 2011) , are related to increases in bridging social capital.
Besides these empirical findings, other researchers have sought to identify network structure indicators to study and measure offline social capital (Australian Bureau of Statistics, 2004; Policy Research Initiative, 2005) . In this regard, characteristics of the members were considered to study network diversity. In line with the conceptualisation of social capital (Putnam et al., 1994) and the idea behind survey instruments such as the position and resource generator (Van Der Gaag & Webber, 2008) , networks including members with similar profiles are thought to be associated with bonding relations. On the other hand, bridging relations emerge between individuals who are different from each other and are relatively more socially distant (Policy Research Initiative, 2005) . Network diversity is measured by considering the social homogeneity of the network members, and is operationalised in terms of different dimensions of socioeconomic status, such as having the same first language, a similar ethnic background, roughly the same level of education, or a similar family income level (Australian Bureau of Statistics, 2004 ).
An overview of the empirical findings in the existing literature and the assumptions regarding the relationships between network diversity and the two forms of offline social capital is given in Table 1 . Significantly positive, insignificant and significantly negative associations are denoted by "+", "o" and "-", respectively. Assumptions (rather than empirical findings) are indicated by brackets. Addressing the gaps and the directions for further research, most of the reviewed papers suggest that future studies should look at more diverse populations and use longitudinal data to allow the determination of causal relationships (Bohn, Buchta, Hornik, & Mair, 2014; Brooks et al., 2014; Ellison et al., 2014) . As the measurement of social capital is still considered an issue, future research should also develop new metrics and validate the existing ones .
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Model Development
As shown in the last section, the existing literature has investigated the influence of various factors, such as the intensity of SNS usage, on offline bonding and bridging social capital. We will now draw on this previous work to explain which constructs were included in our study of the social capital inherent in the online social network maintained via Facebook, and how we operationalised them into variables.
Online Social Capital
We have already mentioned that other authors employed adaptations of the ISCS (Williams, 2006) . For example, they used only five of the questions related to bonding social capital, and nine of the bridging-social-capital-related ones (Ellison et al., 2007) . In contrast to this, we decided to make use of all ten questions for both the bonding and the bridging social capital scale, listed in Table 1 of the article introducing the ISCS (Williams, 2006) , to find out whether these scales are actually appropriate for a purely online setting. To this end, we dropped the word "offline" in each question, and replaced "online" by an explicit reference to Facebook. As our study was conducted in Germany, all questions were translated into German. (Please refer to the Appendix for the original German questionnaire employed by us as well as an English version.) In our questionnaire, the 20 questions were grouped in five blocks; for each respondent the questions within a group were randomly ordered. Similar to the original article (Williams, 2006) , all questions were formulated as statements, and the answers were measured 8 on a five-point Likert scale from "strongly disagree" to "strongly agree". We also followed Williams in considering these variables to be metric.
As for the constructs potentially able to explain online social capital, we distinguish between individual attributes and aspects of the online social network. An overview of our discussion is given in Table 2 , where constructs not included in previous studies are printed in italics. 
Individual Attributes
Similar to the existing literature, we hypothesise that the gender and the age of a person might affect his or her online social capital. We therefore included the variables Gender (with 0 = "male" and 1 = "female") and Age (measured in years) in our model.
With respect to the constructs explaining bonding and bridging social capital, literature has focused on the SNS usage intensity, defined to be composed of various aspects (Ellison et al., 2007) : the daily time spent on the SNS, the attitude towards the SNS, and the number of friends on the SNS. In fact, the first two aspects can be regarded as related to the individual him-/ herself. The influence of the number of friends on the SNS on bridging social capital was analysed separately only once (Burke et al., 2010) . For our study, we decided to go a step further, and to distinguish between all aspects lumped together in the SNS usage intensity.
The variable FBTim in our model is based on the (translated) question referring to the average daily time spent on Facebook (Ellison et al., 2007) , using the same six response categories. Similar to a previous study (Steinfield et al., 2008) , we transformed these categories into a metric scale by assigning the score of the mid-point of each category. For example, the category "1-2 hours" was assigned the value 1.5 [hours]; for the category "more than 3 hours" we chose the value 7.5 [hours], implying a maximum of 12 hours spent on Facebook per day on the average.
In addition to the daily time spent on Facebook, we also investigate the duration of the Facebook membership as a possible explanatory variable for online bonding and bridging social capital. In the questionnaire, we made use of the question and the response categories defined in another German study (Kneidinger, 2010) . However, we added a sixth category representing a Facebook membership exceeding four years. By assigning the midpoint to each In our model, we include the latent variable FBAtt, representing the attitude towards Facebook, which was measured using the German translation (Kneidinger, 2010) of six attitudinal questions (Ellison et al., 2007) . Again, a five-point Likert scale ranging from "strongly disagree" to "strongly agree" was employed for each response.
Online Social Network
All respondents were required to give us access to their Facebook network data. Therefore, we were able to easily measure the number of Facebook friends using a tool. Unlike other studies (such as Steinfield et al., 2009 ) we thus did not have to rely on self-reported and grouped data resulting from categories representing intervals (e.g., "51-100 Facebook friends"). The variable measuring the exact number of Facebook friends is named #FBF in our model.
The above-mentioned study (Steinfield et al., 2009 ) also investigated whether or not the extent to which SNS friends were initially met on the SNS and the extent to which real-life friends are also SNS friends had any influence on the social capital. There, both constructs were measured on an ordinal scale from 1 (= "none") to 5 (= "a lot"), but they were treated as metric variables. For assessing our variables OnFBF (fraction of Facebook friends met online) and RLFBF (fraction of real-life friends who are also Facebook friends) via our questionnaire, we chose the categories "none", "few", "about half", "most" and "all". Based on these descriptions, it seems a natural choice to assign the values 0, 0.25, 0.5, 0.75 and 1 to the categories. This is equivalent to using the values 1 to 5, which can be derived via a simple linear transformation. We feel that our names for the categories make it more justifiable to consider the variables to be metric.
Employing the same five categories from "none" to "all", we added five further variables to our analysis: the fraction of Facebook friends considered close friends (CloFBF), the fraction of Facebook friends with the same mother tongue (ComMT), the fraction of Facebook friends with a similar ethnic background (SimEB), the fraction of Facebook friends with a similar educational background (SimEd), and the fraction of Facebook friends with a similar household income (SimHI). The latter four variables have been derived based on the abovementioned publications arguing that networks with a higher degree of similarity tend to be associated with a higher bonding social capital but a lower bridging social capital (Australian Bureau of Statistics, 2004; Policy Research Initiative, 2005) .
The overall structural equation model based on all described variables is depicted in Figure 2 . It should be noted that our model includes both observable variables (drawn as rectangles) and latent variables (drawn as ovals). Previous work (e.g., Steinfield et al., 2009 ) proceeded as follows. First, an exploratory or confirmatory factor analysis was conducted to investigate the association between a latent construct (e.g., Bond) and the observable variables (e.g., Bond1-Bond10). The latent construct was then estimated, for instance by simply averaging the scores of the related observable items. In a second step, these estimates were used to investigate the influence of the explanatory variables on the dependent variables with the help of a separate regression analysis. Our structural equation model does not necessitate such simplifying approximations, and it therefore leads to more accurate results.
Before trying to estimate the model parameters from real data, we need to make sure that none of the equations is underidentified. It is easily seen that for each of the 28 equations in our Our model structure implies that Bond and Brid could both be affected by all the explanatory constructs listed in Table 2 . Technically, we will in each case test the null hypothesis that there is no influence of the respective explanatory variable on Brid (or Bond) to see whether this hypothesis can be rejected, indicating a significant relationship.
Figure 2. Structural Equation Model
Data Collection and Statistical Analysis
The participants of our study were drawn from the GfK Online Panel via an online survey fielded from May 5 until May 22, 2012. All participants were invited via an e-mail containing a short description of the study, some information about confidentiality and incentives, as well as a link to the online survey. Each participant was required to have a Facebook account and had to be willing to install a Facebook application giving us access to his/her network data. We applied a stratified sampling approach based on gender and age to guarantee a representative sample from the Facebook population. However, due to age restrictions in the GfK Online Panel, the age group "17 and younger" was underrepresented in the sample, while
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the age groups "18-24" and "25-34" were slightly overrepresented. The study was closed once 1000 persons had participated.
To ensure validity, not all 1000 observations were used in our analyses. We dropped those observations for which the credibility of responses was in doubt. As shown in Figure 3 , the data cleaning process involved the exclusion of observations from our sample based on six criteria.
Figure 3. Data Cleaning Process
Four observations were excluded due to unusual patterns and an extraordinarily high variance in the responses. For nine observations the time taken by the respondents for filling in the questionnaire was less than four minutes and 30 seconds, which was considered too fast for thoroughly reading and answering the questions; therefore, these observations were dropped. Moreover, comparing each participant's responses on gender and age with information stored in the GfK Online Panel profile, we excluded four observations which showed a difference in gender and 22 data sets with a deviation in age exceeding two years. Furthermore, we calculated the relative deviation of the number of Facebook friends reported in the questionnaire based on the actual number of Facebook friends retrieved from the participant's Facebook network; we excluded 57 additional observations which showed a relative deviation of more than 70%. Finally, we omitted 16 observations related to participants who turned out to have more than one GfK Online Panel profile. After this data cleaning process, 888 observations remained. In each case, we made use of the age given in the GfK Online Panel profile as well as of the actual number of Facebook friends extracted from the Facebook profile, to rely on the most exact information available. Table 3 compares the absolute and relative distribution of age and gender in our resulting data set with the one in the overall Facebook community (Czech, 2012) . Before continuing our analysis, we need to answer the question whether the N = 888 observations available suffice for properly and accurately estimating the model shown in Figure 2 or whether this sample size should be considered excessive, leading to significant results even for tiny effects.
One important aspect to consider is r, the ratio of items to latent variables. While both a higher value of r and a larger sample size N improve estimation, there is a compensatory relation between r and N (Marsh, Hau, Balla, & Grayson, 1998) . From Monte Carlo simulations studying the robustness of estimating structural equation models in the context of confirmatory factor analysis (Boomsma, 1982) , it can be inferred that for r = 3 at least N = 200 observations are required, while for r = 4 a sample size of N = 100 may suffice. These minimum sample sizes for r = 3 and r = 4 are also suggested by the results of a similar simulation study (Marsh et al., 1998) , while for r = 2 at least N = 400 and for r = 12 at least N = 50 observations seem advisable.
Consolidating such findings, the following equation for determining the minimum sample size required has been suggested (Westland, 2010) :
N ≥ 50r 2 − 450r + 1100.
While this formula works nicely for 2 ≤ r ≤ 4, interpolating the empirical results, the quadratic expression reaches its minimum at r = 4.5 and then rises when further increasing r. For r = 12, the minimum sample size computed amounts to 2900, which is completely at odds with the above-mentioned findings.
We therefore propose the following continuous and differentiable function for approximating the sample size requirement:
≥ 50 2 -450r + 1100 for 2 ≤ r ≤ 4.45, 109.875 -5r for 4.45 < r ≤ 12.
(1)
Considering that there is a total of 26 items for the 3 latent variables in our model, the minimum number of observations required is thus calculated as 67.
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However, the ratio r is only one aspect on which the necessary sample size depends. The minimum effect to be identified in the analysis as well as the desired significance level and the power of the test should also be taken into consideration. Assuming that all observed variables follow a normal distribution, it has been shown (Westland, 2010 (Westland, , 2012 ) that the sample size required for detecting a minimum Gini correlation of size δ among k latent variables in a test with significance level α and power 1 − β can be calculated as 
In this equation,
where λq denotes the quantile of the standard normal distribution at level q, and
is the significance level after Šidak correction. For correlations, δ values of 0.1, 0.3 and 0.5 represent a small, medium and large effect, respectively (Ellis, 2010, p. 41 ).
Based on a standard significance level of 5% and a power of 80%, we would thus need minimum sample sizes of 290, 28 and 8 to detect small, medium and high correlations between our 3 latent variables according to Equation (2). (Of course, considering the ratio of items to latent variables, N should never be smaller than 67, as derived from Equation (1).)
It should be noted that all calculations assume normally-distributed variables. For Likert-scale data, as in our study, the sample size requirement may be two to three orders of magnitude larger due to non-normalcy (Westland, 2010) . Nevertheless, this analysis suggests that our 888 observations are definitely not excessive and may suffice for identifying large effects.
Based on the available data, we estimated our structural equation model with the statistical tool R (R Core Team, 2018) and its sem package (Fox, 2006) . We started out with a basic model containing parameters for all relationships indicated in Figure 2 , as well as variance parameters for all disturbances. The variances of the latent variables FBAtt, Bond and Brid were set to one, to ensure identifiability. Following the modification indices calculated (Sörbom, 1989) , we subsequently added a parameter for the covariance between Bond and Brid, 19 covariance parameters between pairs of items, as well as three covariances between an item and the related latent construct. The parameter estimation was conducted based on the variance-covariance matrix of the observable variables. To check whether or not the results are influenced by the different scales used for the various variables, we also carried out parameter estimation using the correlation matrix; however, the results proved to be stable. Also, the results were hardly affected when adding further covariance parameters.
Drawing on the visualisation of our model (Figure 2 ), Figure 4 illustrates the detected relationships between the investigated variables. In this regard, non-significant relationships are omitted, and those variables considered in our study for which none of the relationships with the dependent variables turned out to be significant are shown as white boxes with dashed frames. Significant relationships with a negative value of the estimated parameter are indicated by a minus sign above the directed edge. Those directed edges without a minus sign thus represent significant relationships with a positive estimated parameter.
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Providing more detailed insights, Table 4 lists the significant parameter estimates, omitting the (co-)variance parameters, and their related p values. These p values have been derived using the asymptotic distributions of the test statistics, which seems appropriate considering the large sample size of 888. Moreover, the fifth entry in each row is the beta coefficient, showing by how many standard deviations the respective dependent variable is expected to increase or decrease if the related explanatory variable is increased by one standard deviation. For the two equations explaining Bond and Brid, unlike the original estimates these beta coefficients allow us to rank the explanatory variable according to their relative effect, which is the greater the larger the absolute value of the beta coefficient is. These ranks are listed in the sixth column of the table.
The overall goodness of fit of our model in terms of the root mean square error of approximation (RMSEA) amounts to 0.0586. Literature agrees that an RMSEA exceeding 0.1 is not acceptable (Browne & Cudeck, 1992; Schlittgen, 2009) . While one of the two researchers who originally suggested the RMSEA metric considers the model fit to be good for values below 0.1 and very good for values below 0.05 (Steiger, 1989, p. 81) , other authors think that an RMSEA value between 0.08 and 0.05 indicates a reasonable error of approximation (Browne & Cudeck, 1992) or an adequate model fit (Schlittgen, 2009, p. 476) . The overall ability of our model to represent the data can thus be considered satisfactory.
Figure 4. Significant Relationships in the Estimated Structural Equation Model
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Discussion
Our study was aimed at answering the question. What are the factors that influence online social capital?
In order to assess bonding and bridging social capital in an online setting, we used Williams' ISCS. Before we analysed the influencing factors, we validated those scales. Table 4 shows that all items supposed to measure a latent construct are loading significantly on the respective factor. This suggests that all items within each group are indeed measuring the same construct.
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The items Bond3 and Bond9 were designed to be reversed-scaled (Williams, 2006) ; this is correctly reflected in the negative loadings. However, the fraction of the overall variation within the items FBAtt1-FBAtt6 explained by FBAtt amounts to 53.7%, while only 22.6% of the total variance of Bond1-Bond10 and 19.1% of the variation in Brid1-Brid10 are explained by the related latent construct. This might indicate that there are further factors influencing the answers to the questions Bond1-Bond10 and Brid1-Brid10.
Regarding the factors influencing online social capital, the last 14 lines of Table 4 list the variables that were found to significantly affect online bonding social capital and online bridging social capital, respectively, as well as their ranks according to the strength of the relative effects. As already depicted in Figure 4 , our analysis indicates significant influences of the variables FBAtt, Age, OnFBF, CloFBF and SimEd on both types of online social capital. While FBTim only affects online bonding social capital, Gender, #FBF and ComMT solely influence online bridging social capital. No significant relationships with online social capital could be found for FBMem, RLFBF, SimEB and SimHI.
As mentioned before, early investigations had found a positive relationship between the Facebook usage intensity and the two forms of social capital perceived in offline settings (Ellison et al., 2007; Steinfield et al., 2008) , while follow-up studies (Kwon et al., 2013; Vitak et al., 2011) did not find an association with bonding social capital. Instead of lumping the daily time spent one the SNS, the attitude towards the SNS, and the number of friends on the SNS within one concept, we considered the influence of each variable individually. Facebook attitude (as in considering Facebook a part of one's daily life and being emotionally attached to the SNS) has the strongest effect on both online bonding and online bridging social capital, and in each case it is a positive one. Regarding online bonding social capital, it seems reasonable that users with a positive attitude towards Facebook find the SNS suitable to communicate with their close friends. As for bridging social capital, the feeling that one belongs to the Facebook community may reinforce a person's willingness to share updates and to keep in touch with people who are emotionally more distant. Disclosing personal details makes other people aware of a user, and it is one way to maintain and develop weaker ties and thus reinforces online bridging social capital (Ellison et al., 2007) .
For both types of online social capital, the variable with the second strongest effect within the category of individual attributes is Age. Our findings indicate that older SNS users will have more online bridging social capital. Moreover, confirming the results of previous studies (Burke et al., 2010; Steinfield et al., 2009) , older users tend to experience less online bonding social capital than younger users. Indeed, in 2012 more than half of the Facebook users in Germany were aged between 18 and 34 years (see Table 3 ). Hence, older users may be more reluctant or less able to communicate with close friends using the SNS, for example because many of their close friends do not have a Facebook account. On the other hand, older users may have a more diverse network in terms of socioeconomic background or age, which could explain their larger online bridging social capital.
We further find the daily time spent on the SNS to be positively related to online bonding, but unrelated to online bridging social capital. Amount of time being one indicator of tie strength (Granovetter, 1973) , individuals may use the SNS to maintain closer ties via direct communication, e.g., by writing private messages, which tends to be more time-consuming than liking a status update (Burke et al., 2010) .
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While we could not detect a significant relationship between Gender and online bonding social capital, our analysis shows that female participants tend to have lower levels of online bridging social capital. This relationship, however, is relatively weak compared to the previously-discussed effects. Women might select their SNS friends more cautiously or might not see a benefit in a high number of weak ties in their network, and may hence realise less bridging connections than men.
As can be seen in Table 4 , all the constructs from the online social network category significantly related to online bonding social capital are significantly related to online bridging social capital, too. In addition, significant relationships can be established between #FBF and ComMT and online bridging social capital. In line with the conceptualisation of (offline) social capital (Putnam et al., 1994) and the theory of tie strength (Granovetter, 1973) , we find the fraction of close friends on Facebook to be positively related to online bonding social capital. In contrast to the conceptualisation, it is also (but much more weakly) positively related to online bridging social capital. In this regard, two explanations seem reasonable. First, close friends in the offline world are oftentimes individuals whom we meet and talk to frequently. Frequent contact is often related to living at the same place or to having a similar background, as in being related. Facebook, however, enables an easy and fast way to stay in touch with close friends who may for example live in a distant location or have a very different background. We can thus hypothesise that Facebook helps maintain ties with close friends who are different and who thus allow for access to non-redundant sets of resources and online bridging social capital. Second, the communication mechanisms on Facebook facilitate the easy creation of new contacts. For instance, people who have only met a few times and who have very different backgrounds may add each other on Facebook, follow each other's updates, and eventually become close friends.
Our analysis further shows that the fraction of SNS friends initially met on the SNS increases online bridging social capital but decreases online bonding social capital. In fact, such connections often result from playing Facebook games together, which is the main way to initiate new friendships on the SNS. As these games attract a heterogeneous community, the connections may be a source of online bridging social capital. Confirming the findings of one of the papers discussed in our literature review (Steinfield et al., 2009) , we have been able to establish a negative relationship between the fraction of SNS friends initially met on the SNS and online bonding social capital. Representing a relatively small part of an individual's friendship network, the absolute number of close friends is likely to remain constant even if the overall size of the network increases due to new weak ties created through gaming, etc. In accordance with the findings in an offline setting (Burke et al., 2010) , a higher number of Facebook friends is related to increases in online bridging social capital, as a larger network bears the chance of having access to more diverse resources. However, network size does not have an influence on online bonding social capital.
We further investigated the relationships between the composition of an individual's Facebook friendship network in terms of different variables related to socioeconomic status and online social capital (Australian Bureau of Statistics, 2004; Policy Research Initiative, 2005) . According to the definition of bonding and bridging social capital (Putnam et al., 1994) , the underlying assumption is that networks composed of homogeneous people are rich in bonding social capital, whereas networks of dissimilar people are a source of bridging social capital. We did not find similarity in terms of ethnic background or household income to be The findings of this study need to be weighed against its potential limitations. We used an online panel, which comes with certain disadvantages (Göritz & Moser, 2000) . First, panel members are aware of being observed and have a great routine in participating in surveys, which may affect their way of answering questions. However, we have omitted those observations where the credibility was doubtful, e.g., due to patterns in the answers, or deviations of the answers from previously-known information. Moreover, all invited panel members decided themselves whether or not to answer our questionnaire. As a consequence, frequent Facebook users might be overrepresented in our sample. However, such selfselection effects are not a problem if they are related to the observed explanatory variables, such as FBTim. Furthermore, while our stratified sampling approach did not consider attributes such as the educational background of the participants, we made sure that the sample is representative for the Facebook users in terms of age and gender.
Conclusions and Outlook
In this article, we have analysed factors influencing online social capital, the validation of Williams' ISCS being a prerequisite for our investigation. Based on our statistical analysis we have found that all items in each of the two catalogues of items in Williams' ISCS indeed seem to measure the same latent construct. This suggests that Williams' ISCS can be used to validly measure online social capital. Similar to previous studies in offline settings, researchers could hence investigate the relationships between online bonding or bridging social capital, access to informational (and other types of) support, and further outcomes such as professional success or a healthy lifestyle.
As for the factors influencing online social capital, we have found significant influences of the variables Age, FBAtt, OnFBF, CloFBF and SimEd on both types of online social capital. While FBTim only affects online bonding social capital, Gender, #FBF and ComMT solely influence online bridging social capital. No significant relationships with online social capital could be found for FBMem, RLFBF, SimEB and SimHI.
Our study has important implications for research and practice. In terms of research, we propose the following implications:
 In online settings, birds of a feature do not necessarily flock together. The similarity or dissimilarity of the members in one's online friendship network in terms of different sociodemographic attributes is not a very strong predictor of the different types of online social capital. Specifically, the influence of similarity in terms of ethnic
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background and household income is less pronounced than in offline settings. Furthermore, in contrast to previous studies performed in offline settings (Australian Bureau of Statistics, 2004; Policy Research Initiative, 2005) , we found the similarity of the educational background to be positively related to bridging social capital.
 The antecedents of online bridging social capital differ from the ones of offline bridging social capital. While the factors influencing online bonding social capital seem to be similar to the ones identified in offline settings, online bridging social capital is influenced by other factors as compared to offline settings. In this regard, we found that four variables (i.e., Gender, Age, OnFBF, and RLFBF), which are not indicated to impact offline bridging social capital (Table 1) , have a significant effect on online bridging social capital. Additionally, we found that the new variable CloFBF is also positively related to both types of online social capital, with a stronger impact on bonding social capital.
 Different types of online social capital are likely related to different outcomes. Like offline social capital, online bonding and bridging social capital may be associated with different types of resources and outcomes. While out of the scope of this paper, it is highly relevant to identify, characterise, and measure these resources, as well as to compare resources obtained based on different types of social capital offline and online. For instance, the association between online bonding social capital with informational support might be higher as compared to offline bonding social capital depending on the network of an individual's friends, e.g., the number of weak ties in their networks. Furthermore, it would be interesting to determine the "right" ratio between bonding and bridging social capital for different groups of individuals in order to achieve positive outcomes, e.g., concerning an individual's health (Durst, Viol, & Wickramasinghe, 2013) .
 Studies investigating online social capital can focus on fewer variables. As some of our variables turned out to not be related to online social capital, we will be able to reduce the number of variables in future studies, decreasing the burden of assessing these pieces of information.
Furthermore, we suggest the following practical implications:
 Creating and maintaining a positive SNS attitude is important. We found that FBAtt is the most influential predictor of both bonding and bridging online social capital. Hence, providers of SNS need to assure that the platform becomes embedded into the user's daily lives in order to achieve a positive attitude. Exemplary implications concern the design of the platform, such as providing a pleasant interface that is easy and fun to use. Moreover, platform providers should protect their users' privacy in order to create a trustful environment in which people are willing to share personal information. They also should have further measures in place, for example to prevent bullying and the spread of fake news, as well as to give users control over comments on their posted content.
 Online social platforms could contribute to balancing different types of resources accessible to users. Provided that it will be possible to measure resources accessible to users in the future, online social platforms could help users gain access to additional resources that they currently lack. For instance, users with high ratios of bonding social capital over (Durst et al., 2013) , among them public health and education. For example, persons showing unhealthy eating habits could be provided with information regarding healthy food or sports activities in their newsfeed (Hacker, Wickramasinghe, & Durst, 2017) . Likewise, individuals with limited access to education could be prompted with information on online courses.
 Self-diagnostics may be a useful tool for interventions driven by individuals themselves. Being able to measure online social capital, platform vendors could implement tests that allow individuals to assess their own online social capital and the related resources that they can access. As a tool for self-reflection and benchmarking, such tests might help individuals to recognise the absence of certain types of resources in their networks and motivate them to do something about it. For instance, individuals with a lack of online bridging social capital could join additional groups or subscribe to additional updates to access more diverse information.
In terms of future research, we will investigate to what extent the process of data collection can be automated. Some of the variables (e.g., Gender, Age, and #FBF) can directly be retrieved via the Facebook application as users log into the application via Facebook Login (Facebook, 2018b) . For other variables, such as the duration of the Facebook membership and the daily time spent on Facebook, it is relatively easy to infer the values based on the data available. In terms of additional variables, data about a user's "likes" or events a user attended, which can be collected based on an application (Facebook, 2018a) , could be used to determine a user's level of access to informational resources, for instance. Moreover, we will develop and apply data mining techniques that can be used to calculate values for the constructs that cannot simply be retrieved. For example, analysing tie strength, e.g., by identifying frequent communication partners, could help us determine the number of close friends, and certain usage patterns could allow conclusions regarding the attitude towards the SNS. Moreover, measures of homogeneity in terms of socioeconomic status and background can be determined if access to the data is granted. Our ultimate goal is to estimate online social capital based on a small set of related variables that can be collected automatically. Being able to do that would facilitate further analyses, concerning for example the dynamics of online social capital over time.
Block 2
Auf Facebook gibt es …  … mehrere Personen, denen ich meine Probleme anvertraue und die mir weiterhelfen können.  …jemanden, den ich um Rat fragen kann, wenn ich sehr wichtige Entscheidungen treffen muss.  … niemanden, mit dem ich bereitwillig über intime persönliche Probleme spreche.  … mehrere Personen, mit denen ich reden kann, wenn ich mich einsam fühle.
Block 3
Durch den Austausch mit Personen auf Facebook…  … fühle ich mich als Teil einer größeren Gemeinschaft.  … fühle ich mich mit dem großen Ganzen verbunden.  … wird mir bewusst, dass alle Menschen auf der Welt miteinander verbunden sind.  … interessiere ich mich für Dinge, die außerhalb meiner Stadt geschehen.  … möchte ich neue Sachen ausprobieren.  … interessiere ich mich dafür, was Leute, die anders als ich sind, denken.  … lerne ich neue Leute kennen, mit denen ich mich unterhalten kann
Block 4
Die Personen, mit denen ich mich auf Facebook austausche, würden…  … ihr letztes Geld mit mir teilen.  … mir dabei helfen, ein Unrecht zu bekämpfen.  … ihren Ruf für mich aufs Spiel setzen.  … mir als Referenz für einen potenziellen neuen Arbeitgeber dienen.
Block 5
Ich kenne auf Facebook…  … jemanden, an den ich mich im Notfall wenden könnte, um mir 500 Euro zu leihen.  …niemanden so gut, dass ich ihn etwas für mich Wichtiges machen lassen würde. B Internet usage and Facebook
C Soziodemographie II
General information I1
In this section, we will ask you to provide information about your Internet and Facebook usage.
On average, how much time, approximately, do you spend on the Internet per day?
 Less than 10 minutes  11-30 minutes  31-60 minutes  1-2 hours  2-3 hours  More than 3 hours
